ABSTRACT This paper proposes a system to determine the placement of a smartphone by using the acoustic properties of the surface materials nearby. Detecting the surrounding materials allows the smartphone to change its notification method automatically, based on situational factors. Researchers have studied how to recognize the position in which smartphones are worn while walking, using accelerometer data; however, it is difficult to identify a smartphone's position while stationary, because the accelerometer value does not change significantly when the smartphone is put down. In this paper, we developed a method to recognize surface materials close to a smartphone, using echoes; this method is based on the assumption that echoes of a selected frequency will differ in their properties, depending on the smartphone's placement and the surface materials nearby. Through our experiment, we found that our proposed method can classify 12 kinds of placement with 82.1% accuracy.
I. INTRODUCTION
Researchers have been pursuing techniques by which computers can recognize context, such as the situation and surrounding environment in which it is used. The related research is called context-awareness, and how a computer recognizes various contexts is one of its most important issues. If a smartphone can recognize the situation and surrounding environment in which it is used, the service provided by the device can be optimized. For example, many researchers study activity recognition [1] , [2] , which recognizes such user behaviors as walking, running, and brushing teeth, by analyzing observed sensor values. Recognizing what the user is doing factors into such services as recording lifelog information and documenting exercise.
This study proposes a system that determines the placement of a smartphone based on the acoustic properties of nearby surface materials. As Lopez-Tovar et al. [3] suggest, many users prefer that their smartphone receive notifications by vibrating when it is in their pocket; however, the same users may want their phone to notify them by LED light if it is placed on a desk. In this way, users may wish to change notification method, depending on the location of their smartphone. In addition, the user's perception of notification sound volume and vibration intensity will differ between a phone placed on hard material (e.g., a desk or tile floor) and one sitting on soft material (e.g., a blanket or cushion). It may also be desirable to change notification method entirely, depending on the smartphone's placement.
We can only incidentally extract a smartphone's tilt from the accelerometer, because accelerometer values are not greatly affected by a smartphone being placed on something. Additionally, a smartphone's tilt from the accelerometer cannot suffice in identifying surface material, as a smartphone may be put in various orientations, regardless of the material.
This study develops a means of determining a smartphone's relative position, based on the acoustic properties of the nearby surface material; this method uses echoes of a tone produced by the phone's speaker. While considering the most likely places for smartphone's placement, we targeted surface materials typical of these places (e.g., pockets, bags, desks, blankets, hands and smartphone stands).
II. RELATED RESEARCH A. DETERMINING POSITION WHEN A SMARTPHONE IS WORN WHILE WALKING
Many studies have aimed to detect the position in which smartphone is worn, although most identify the phone's position by using an accelerometer while the user is walking [4] - [8] .
These studies have determined, for example, whether smartphones are worn in the front trouser pocket or in the back trouser pocket, or are held in the hand, based on the assumption that accelerometer values will vary depending on the phone's position while walking. Converting some sensor values into a periodic series, these methods identify a phone's position through the use of machine learning. However, it is difficult to determine smartphone's placement while the user is stationary, as its accelerometer value does not change significantly.
B. DETERMINING POSITION WHEN A SMARTPHONE IS STATIONARY
Harrison and Hudson [9] developed an original sensor to determine a smartphone's placement, by detecting materials proximate to the sensor. This sensor comprises such components as infrared LED, UV LED, and RGB LED sensors. Their method recognizes 27 materials with which a smartphone might make contact in daily life, such as a backpack, hard plastic, a blanket, and carpet.
While using a standard smartphone, rather than additional sensors, some researchers have detected nearby materials by vibration. Cho et al. [10] propose a method that recognizes a smartphone's placement by measuring reaction to the phone's vibration. That method can detect six kinds of placement (e.g., sofa, plastic table, and pocket) with 85% accuracy. Hwang and Wohn [11] propose a method, which measures the echo sound of a smartphone's vibration to detect the smartphone's placement. Their method can classify 12 kinds of placement (e.g., desk, fabric chair, carpet) with 91% accuracy.
Other research using standard smartphone functions has detected the material of surfaces around a smartphone's placement through the use of echo sound. Diaconita et al. [12] - [14] propose a method of recognizing a smartphone's placement, which measures the echo of a sound produced by the phone. The locations targeted were a bag, desk, hand, and pocket. The first method [12] conducted acoustic probing using echoes of white noise produced by the smartphone. The second method [13] used the echo sound of the notification sound for incoming mail. The third method [14] used a hybrid of the second method and vibration.
C. FOCUS OF THIS STUDY
As the aforementioned studies describe, in the field of context-awareness, it is desirable to identify a smartphone's placement in terms of the surrounding material. The present study recognizes a phone's placement by using echoes, and without introducing additional sensors. The vibration method can identify, in a highly accurate manner, the material surrounding a smartphone's placement; however, in daily life, a user could mistake the vibration for an e-mail notification. In contrast, this is much less likely to occur if the method employs a meaningless sound (e.g., white noise, beep sound) that the user is unlikely to mistake for a notification.
The current study differs from those of Diaconita et al. [12] - [14] in terms of the approaches taken, in two important respects. First, we use a distinctive ''beep'' sound, and second, we detect additional kinds of material. Methods using an incoming notification sound [13] , [14] have the following advantages: highly accurate detection, and no unnecessarily emitted sounds (because it uses actual notifications). However, they have a disadvantage, namely, that the method can detect a smartphone's placement only when it receives a notification. The research [12] that mostly closely resembles ours in terms of methodology determines a smartphone's placement by extracting some features (e.g., mel-frequency cepstral coefficients [MFCC] ) from the fast Fourier transform (FFT) spectral decrement of white noise.
The method within this study detects materials using harmonics produced in the echo of a single-frequency sound. We considered that our proposed method, which directly uses harmonics, can extract features without the deterioration seen with MFCC spectral outlines, as our method uses a single frequency. This new method carries additional possibilities: it allows for the detection of materials that existing methods cannot detect, and it increases the total accuracy of identification by combining our new method with existing ones.
The methods proposed by related studies [12] - [14] recognize only four or five kinds of placement; therefore, it is difficult to discuss more ambitious detection of surface material. In contrast, we conduct a pre-experiment [15] where we discuss how accurately and how many kinds of placement our proposed method can classify. In the pre-experiment and using our method, we evaluate the accuracy of estimations by using 18 kinds of materials. Our method accurately classifies six groups: (a) pockets and bags, (b) soft materials, (c) hard materials, (d) rubber mat, (e) smartphone stand type A, and (f) smartphone stand type B. The orientation of the smartphone and that of the surrounding environment are not found to strongly influence estimation accuracy.
This study aims to develop a new method of determining a smartphone's placement, by using a beep sound; it also looks to evaluate whether our proposed method classifies a smartphone's placement more accurately than previous methods that use white noise. We conduct experiments to record reflected sounds on each of the six groups of materials addressed in the pre-experiment. In the experiment, we compare estimation accuracies for various sound sources, including white noise and beep sound (with various frequencies), and loudness of volume; we do so to determine an effective sound source. We discuss the effects that orientation has on the smartphone, as well as those of the surrounding environment, and surrounding noise, to evaluate the usefulness of our method in the real world.
III. PROPOSED METHOD A. PRINCIPLE OF MATERIALS IDENTIFICATION
Akita and Komatsu [16] assert that high-order information about objects, such as surface material, can be identified through noncontact measurement by analyzing echo wave information, using ultrasound frequencies. They conducted 5332 VOLUME 5, 2017 a basic experiment that made use of an original ultrasound transmitting and receiving apparatus; they analyzed echoes from a target object produced by a 40 kHz ultrasound. In that basic experiment, the range between the original sensor and a target object was fixed at 265 mm in an anechoic room. They only verified whether there was a difference in the calculated index values for each material; they did not use soft computing algorithms.
We look to determine a smartphone's placement by analyzing the echoes of a single-frequency beep sound (Fig. 1) . The possibility of identifying in such a way the characteristics of a phone's placement is indicated in the research of Akita and Komatsu [16] ; therefore, we discuss how accurately our proposed method can detect materials in the real world by applying a machine learning algorithm and various index values. In Fig. 1 , the distance between the surface and the smartphone is essentially zero, because the phone is placed directly on the surface. The observed echo sound includes effects produced not only by the closest surfaces, but also by surrounding walls and other objects; however, it is most strongly influenced by the nearest surface. Akita and Komatsu [16] used a 40 kHz ultrasound frequency; our method uses an audible beep sound, since the upper limit of sampling frequency for most smartphones is 44.1 kHz. Fig. 2 outlines the proposed method. First, a smartphone is placed in or on a particular material. It then emits a beep at the specified frequency, and simultaneously records surrounding sounds. Second, the recorded sound wave is extracted at regular intervals to perform a discrete Fourier transform (DFT). Finally, features that may indicate characteristics of the surface are extracted from the transformed FFT data, to identify the phone's placement through the use of machine learning.
One advantage of our proposed method is the very short time for which the beep needs to ring: detection requires only one frame of data to determine the smartphone's placement. For example, with our method, the beep need only sound for approximately 0.1 s to extract 4,096 samples from a sound wave. A very short beep not only limits the user's perception of extraneous sounds, but also identifies the smartphone's placement with little lag time. It takes a little time to stabilize the sound wave, according to the smartphone model. Fig. 3 is a depiction of a recorded sound wave. S silent is a section when the beep has not yet sounded, S instability is a section when the beep has not yet stabilized, and S stability is a section when the beep has stabilized. We exclude S silent and S instability and evaluate our method solely by using S stability because the smartphone's placement can be recognized accurately by using only the stabilized sound wave. Therefore, our method requires a beep that emits for 150 to 200 ms (S instability ) while in practical use. 
B. FEATURE EXTRACTION
Our proposed method extracts features from a recorded echo sound, by using FFT. Object detection using ultrasound frequencies generally measures the time difference between a transmission wave and an observed wave, but our proposed method measures the change in frequency characteristics of the observed wave, using a beep sound of constant amplitude and frequency. We anticipate that surface materials surrounding the smartphone would influence the frequency characteristics of the observed wave, because the sound recorded by the phone includes the surrounding echo. 4 indicates the FFT results of the observed waves when a smartphone is placed on a steel plate, on a wooden board, in a front trouser pocket, or on a cushion. The fundamental frequency (i.e., the frequency of the sound produced) is 1024 Hz, although observed waves include peaks in an integral multiple of the fundamental frequency. These peaks are called harmonics (or harmonic tone), and the sound's ''tone'' changes depending on an amplitude ratio of harmonics. As shown in Fig. 4 , the amplitude of harmonics changes depending on the nature of the surface involved. Our method therefore classifies the placement of the phone by extracting the amplitude features of various harmonics.
Our proposed method classifies smartphone's placement by assessing the fluctuation in harmonic sound of a reflected sound echo produced by a sound source (i.e., a singlefrequency beep). Our method uses the amplitude of the fundamental frequency (P 1 ) and the amplitude for each i time frequency (P i ). In this experiment, we adopted 10 features (P 1 to P 10 ) because the difference in amplitude peaks as i increases. Our method also uses 12 features that are parts of the amplitude rates, such as P 2 /P 1 , P 3 /P 1 , .... In our preexperiment, we adopt some additional features, such as spectral centroid, total harmonic distortion, and root mean square; however, as these features do not strongly influence the accuracy of material detection, we do not use these features at this time.
To discuss the effect on estimation accuracy in terms of different sound sources, we conduct experiments using not only a beep sound, but also using white noise. When using the reflected sound of the white noise, the 22 aforementioned features cannot be calculated, as it is difficult to identify the fundamental frequency and harmonics frequencies. We adopt additional features, namely, the MFCCs (12 dimensions) and linear predictive coding (LPC) (32 dimensions +1 minimal error). Therefore, our method uses a total of 67 features from the beep sound, and a total of 45 features from white noise, as listed in Table 1 .
IV. EXPERIMENT AND EVALUATION

A. EXPERIMENTAL ENVIRONMENTS AND DATASETS
We perform experiments to evaluate the accuracy of placement detection and to determine the effectiveness of our method. In each experiment, a smartphone placed on various surfaces emits a beep or white noise, and simultaneously records the surrounding sounds. In this study, as illustrated in Fig. 5 , we target 12 locations of placement in which a user might place a smartphone. Experiments are performed, using the following steps: (1) put the smartphone onto or into each placement; (2) start to emit the beep sound and record the surrounding sound, simultaneously; (3) record the surrounding sound for 3 s; and (4) proceed to the next surface. From the 3 s of observed data, our method extracts 4,096 samples while shifting 2,048 samples, to generate 50 instances. In other words, the process generates one dataset (50 instances) for each observation.
The smartphone we use in our experiments is an LG Electronics Nexus 5X. The Nexus 5X has two sound speakers, on the higher and lower front side; it also has two microphones on the top and bottom of the smartphone (Fig. 6) . Depending on the phone's orientation, the speaker may or may not make contact with a surface. We therefore experimentally consider the possible difference in estimation accuracy between faceup and face-down orientations.
The floor plan of the room where we performed experiments is depicted in Fig. 7 . Placing an object on a desk, we recorded experimental data by placing the smartphone on the object. There is no person in the room during each experiment, which is undertaken to record two patterns of 5334 VOLUME 5, 2017 FIGURE 5. 12 kinds of smartphone's placement used in our experiment. surrounding noise (i.e., silent and noisy). Using an Ono Sokki Co., Ltd. noise meter (i.e., LA-5560), we measure the noise level in the experimental environment (25 dB when silent). 
FIGURE 9. Experimental environments.
We place two speakers on Desk A (Fig. 8) to emit a noise sound when noisy (using NHK Creative Library's environmental sound1 ''Street corner 2'') 1 (50 dB on Desk B). We perform experiments in two environments (Fig. 9) , because estimation accuracy can be affected by the surrounding environment. Temporary walls (Fig. 9 ) comprise two pieces of cardboard (each piece 0.5 mh × 0.2 mw × 0.3 ml). The chosen environments reproduce the scenario where there is nothing surrounding the object (Environment A) and that where it is surrounded by other material (Environment B).
In this way, we record a dataset (comprising 50 instances) generated from one measurement that is 3 s in length, for 12 specific placements, two orientations (face-up and facedown), two noise levels (silent and noisy), and two environments (Fig. 9) . In other words, six datasets (300 instances) are generated for each placement. Ultimately, we record 4,800 instances per sound source (Fig. 10) .
We adopt 10 kinds of sound sources (beep sound at 200 Hz, 300 Hz, 500 Hz, 750 Hz, 1 kHz, 2 kHz, 2.5 kHz, 3 kHz, 5 kHz, and white noise) for our experiments. All experiments are performed with three Android volume settings (Low: 3; Medium: 8; High: 13). We select these frequencies to observe features generated from harmonics, because the upper frequency limit of the common smartphone for sampling is 44.1 kHz. Users do not perceive additional noise when the beep sound volume is low, although our method uses only about 0.1 s of sound wave; therefore, we adopt a slightly higher volume in our experiments.
B. EVALUATION METHOD
Our proposed method classifies a smartphone's placement by detecting the surface material, through the use of machine learning techniques, after manually labeling observed datasets. In this case, we adopt Random Forest [17] as a machine learning algorithm.
Our proposed method achieved approximately 99% detection accuracy when evaluated by 10-fold cross-validation, which is commonly used for accuracy evaluation. This result is achieved by using training data that consist of instances similar to the test data, from the dataset measured at the same time. However, in an actual use case, it would be unusual for the training data to include a dataset observed in the same environment as actual use. Therefore, we evaluate the accuracy of detection for our proposed method by using leaveone-measurement-out cross-validation (LOMO-CV), which uses 50 instances recorded at the same time, as test data and employing the remaining dataset as the training data. Table 2 shows the classification result of 12 kinds of smartphone's placement, by using our method and a single sound source. The vertical axis shows the volume, the horizontal axis shows the type of sound source, and the values are levels of accuracy. The highest accuracy value (i.e., 70.7%) was at a high volume and a High 300 Hz beep. Although we discuss the error pattern in the next section, our method generates accurate estimations, save for the cases with the rubber mat (2 mm), hand (person A), and hand (person B). Focusing on the difference in the sound source, when using a beep sound of 300-750 Hz, estimation accuracy tends to increase. We consider that our method while using a higher volume classifies with higher accuracy, on account of the low influence of noise; however, the degree of influence of the volume changes, depending on the frequency of the beep sound.
V. RESULT AND DISCUSSION
A. ESTIMATION ACCURACY BY SINGLE SOUND SOURCE
The white noise method used in the related literature classifies with about 60% accuracy, and the 1 kHz beep method we use in our pre-experiment classifies with about 50-60% accuracy. Therefore, when our proposed method uses a beep at an appropriate frequency, the estimation accuracy is 10.
B. COMBINING TWO SOUND SOURCES
In this study, we also propose a simple method of combining two kinds of sound sources. In the proposed method, sounds are played twice using two types of sound sources (for example, 200 Hz and 1 kHz) (Fig. 11) , and features extracted from each are combined for machine learning. As mentioned, the proposed method requires about 100 ms of sound data when using one type of sound source, and about 150-200 ms is needed before the sound stabilizes; it is therefore necessary to emit a sound with a total duration of 250-300 ms. Therefore, when combining two kinds of sound sources, it is necessary to emit a sound for 500-600 ms. Combining two types from 30 types of sound sources, the highest accuracy is 74.7%, derived by combining High 300 Hz and High 750 Hz. Estimation accuracy tends to be higher when something is combined with High 300 Hz. Therefore, we perform feature selection and parameter tuning of Random Forest with High 300 Hz and other sources combinations (Low 750 Hz, Medium 500 Hz, Medium 750 Hz, and High 750 Hz), which were higher accuracies. As a result, The combination of High 300 Hz and Medium 750 Hz with the selected features (Table 3) was 82.1%, the highest estimation accuracy when learning with 50 trees and 3 features, which were parameters of Random Forest. Table 4 shows the confusion matrix when our method uses the combination method High 300 Hz and Medium 750 Hz of beep and the model parameter was tuned. Focusing on the error pattern, (e) rubber mat 2 mm, (f) rubber mat 5 mm, and (g) copper include many errors from each other. There were also many errors among (i) hand A and (j) hand B, or among (k) stand A and (l) stand B.
In this experiment, it is easy to imagine that the objects are selected as two of each kind of similar material, and that errors increase for each similar material. The results of this also follow the expectations. When grouping similar materials (i.e., a-b, c-d, e-f, g-h, i-j, and k-l), the proposed method is classified with 90.3% accuracy for six types of roughly classified materials (i.e., pocket and bag, soft materials, rubber mats, hard materials, hands, and smartphone stands).
In our pre-experiment [15] , hand position is not accurately detected; however, the F-measure is (i) 63.6% and (j) 58.1% in this experiment, while F-measure in the case of six types of classification is 91.1%. The effects of the speaker position of the smartphone are considered: we use Galaxy S2, which is manufactured by Samsung, in the pre-experiment, and it is equipped with a speaker at the bottom portion of the back side. On the other hand, the Nexus 5X, which we use in the main experiment, is equipped with speakers at the top and bottom of the front side. When gripping the smartphone, the Galaxy S2, with the speaker only at the lower part of the back side, could not accurately detect, because the tone of the beep sound varies depending on how the smartphone is being held However, in the case of the Nexus 5X, the effects of how the smartphone is being held were smaller, because it is equipped with speakers at the top and bottom of the front side.
C. ACCURACY WITH UNKNOWN DATA
In actual use, various situations not included in the training data can occur. In this section, we evaluate the estimation accuracy of the proposed method in unknown situations. To this point, the estimation accuracy is evaluated by LOMO-CV, but we use the following four evaluation methods to reproduce the unknown environment. Regarding the orientation of the smartphone, we perform 2-foldCV, using a dataset divided by the smartphone's orientation (face-up or face-down); we refer to this as leave-one-orientation-out cross-validation (LOOO-CV). Regarding surrounding noise, we perform 2-fold-CV, using a dataset divided by surrounding noise (silent or noisy), and we refer to this as leave-onenoise-out cross-validation (LONO-CV). Likewise, we refer to the surrounding environment as leave-one-environmentout cross-validation (LOEO-CV). Regarding a smartphone's placement, we perform 12-fold-CV by using a dataset divided by smartphone placement, and we refer to this as leave-oneplacement-out cross-validation (LOPO-CV).
Estimation accuracy can be evaluated by LOOO-CV when the training data include only a one-sided orientation: because smartphone orientation can be only face-up or face-down, it is necessary only to prepare both training datasets, but we perform this just in case. By LONO-CV or LOEO-CV, estimation accuracy can be evaluated when the training data do not include unknown surrounding noise situations or unknown surrounding environments. These indexes are important in actual use. By LOPO-CV, we can evaluate estimation accuracy when identifying unknown materials. Therefore, the 12 kinds of estimation accuracy are of course 0%, as the training data do not include the material, but it is possible to evaluate whether they are accurately identified for similar groups. The estimation accuracy for each evaluation method is shown in Table 5 . As described above, LOMO-CV can classify 12 kinds of placement with 82.1% accuracy, and six kinds of group with 90.3%. In the case of training data comprising only face-up or face-down (LOOO-CV), the estimation accuracy decreased greatly, to 47.1% for 12 materials and 53.1% for six. Therefore, it is necessary to prepare both the face-up and face-down sides for training data. In the case of training data comprising only silent or noisy (LONO-CV), the estimation accuracy decreases by about nine percentage points to 73.3% for 12 materials, and to 79.1% for six materials. Therefore, even if the surrounding noise condition changes, a smartphone's placement can be classified with an estimation accuracy of about 70%. In the case pf training data comprising only environment A or environment B (LOEO-CV), the estimation accuracy decreases by about seven percentage points to 76.1% for 12 materials and 82.3% for six. On the other hand, in the case of training data comprising only each placement (LOPO-CV), the estimation accuracy for 12 materials was naturally 0%, as the applicable material is not trained. That for six materials was 36.3%, and a result much lower than that by LOMO-CV. Therefore, it is believed that the ability to classify unknown materials is not accurate at present; nonetheless, only 12 kinds of materials are targeted at this time. When one kind of material is used to generate test data, the training data include only one kind of similar material. It is possible that our method could address unknown materials by increasing the kinds of materials used to generate training data. Table. 6 shows the feature importance that can be calculated with a Random Forest algorithm. Those with an importance value are the top ten of the whole. In Table 6 , we can see that the peak amplitude value of the data observed from each sound source greatly affects the classification. Especially P 1 -P 3 , or their ratio, monopolizes the upper part, and the peak below it shows that the influence is reduced by echo decay.
D. FEATURE IMPORTANCE
On the other hand, as a result of calculating the importance of the white noise method (i.e., High WN and High 300 Hz), only the MFCC 1 (0.025) and LPCe (0.016), each of which has an importance value of 0.01 or more among the white noise features, are obtained. Therefore, in the features used in this study, effective features could not be obtained from white noise sources.
VI. CONCLUSION
In this study, we developed a new method of identifying a smartphone's placement by detecting the surface material on or in which the smartphone is placed. An estimation of the phone's placement can be used to automatically change the notification method, depending on the context identified. For example, a smartphone in a pocket can emit an e-mail notification by vibration, but notify the user solely by LED lighting when placed on a desk. In this way, the smartphone would be able to give notifications in a context-sensitive manner, by selecting the method the user is most likely to notice.
Our proposed method identifies the surface material at a smartphone's placement by analyzing echo sounds that result from a beep emitted by the smartphone's speaker. Our method uses only about 0.3 s of sound waves. As a result of examining the difference in the sound source, our method by using a 300 Hz beep at a high volume is found to be most accurate in classifying the smartphone's placement. We find that the use of a high-frequency beep leads to low estimation accuracy. Moreover, our expanded method, which combines features from two sound sources, does improve estimation accuracy, and we ultimately achieve 82.1% accuracy for 12 kinds of smartphone's placement.
Our experimental results regarding estimation accuracy for unknown learning data show that if our method could learn in advance data for both the front and back sides of the smartphone and some kinds of smartphone's placement, the estimation accuracy would largely not be reduced, even in the presence of various objects. Likewise, when the surrounding noise changes, although accuracy decreases by about nine percentage points, it was possible to classify with an accuracy of roughly 70%. However, our method might or might not be successful at classification, depending on each smartphone's placement when training data do not include various types of smartphone's placement.
Our future research will be conducted in three parts: investigating various smartphone models, developing a method to identify unknown materials, and evaluating the performance of our method in the real environment. In our experiments, we used only one smartphone, the Nexus5X. Because people use various smartphone models in the real world, we will evaluate the estimation accuracy of our method when used on other smartphone models. The estimation accuracy is likely affected by the position of the microphone and speaker on the smartphone and the presence or absence of a smartphone cover. We will investigate whether our method requires additional training data and how to reduce the need for additional training data if the estimation accuracy decreases with other smartphone models. To identify unknown materials, we conducted experiments with total twelve kinds of materials selected from each of the six groups in this study. Next, we will determine the estimation accuracy with unknown materials because it will likely increase by using additional training data from other materials. To assess the effects of the surrounding environment, we investigated two controlled environments (A and B) and two controlled levels of surrounding noise (silent and noisy) in this study. In the future, we will develop an application using our method to evaluate the estimation accuracy in real environments.
